Mutation discovery is often key to the identification of genes responsible for major phenotypic traits. In the context of bulked segregant analysis, common reference-based computational approaches are not always suitable as they rely on a genome assembly which may be incomplete or highly divergent from the studied accession. Reference-free methods based on short sequences of length k (k-mers), such as NIKS, exploit redundancy of information across pools of recombinant genomes. Building on concepts from NIKS we introduce LNISKS, a mutation discovery method which is suited for large and repetitive crop genomes. In our experiments, it rapidly and with high confidence, identified mutations from over 700 Gbp of bread wheat genomic sequence data. LNISKS is publicly available at https://github.com/ rsuchecki/LNISKS. Introduction 1 Bulk segregant analysis (BSA) involves pooling recombinant genomes to facilitate rapid identification of ge-2 netic markers associated with phenotypic traits (Michelmore et al., 1991; Giovannoni et al., 1991). Mapping-3 by-sequencing (MBS) combines BSA with second generation sequencing (SGS) to enable simultaneous muta-4 tion identification and mapping (Schneeberger et al., 2009). This original approach for identifying mutations in 5 ethyl methanesulfonate (EMS) mutagenised populations relied on selection-induced patterns within genome-6 wide allele frequency (AF) in pooled genomes and was initially based on pooling 500 mutant F 2 plants for 7 sequencing. However back-or out-crossing of the mutagenised plants eliminates mutation load not linked to 8 the causative mutation(s) as only offspring demonstrating the desired phenotype are retained (Zuryn et al., 9 2010). One such approach is MutMap where a mutant is crossed with the original wild-type followed by 10 selfing of the offspring, which results in segregation of phenotypic differences in F 2 progeny (Abe et al., 2012).
: With increasing k, the number of distinct k-mers increases, but the frequency distribution shifts to the left, eventually becomes truncated and no longer captures the inflection point at frequency ≈ 3. This indicates insufficient sequencing coverage for contiguous assembly of mutation harbouring sequences at or above k ≈ 60. We can also observe that at low values of k the number of distinct k-mers is relatively low. This indicates that such short k-mers are unlikely to deliver sufficient specificity. Note that counts of k-mers of frequency 1 are not reported as these primarily reflect sequencing errors. Table 3 : Paired contigs for k = 53 were aligned to the reference genome allowing 1bp indels and up to 3 mismatches per 100bp. Orphaned alignment of just one of the elements of a pair indicates that the other element did not align or that it aligned equally well at multiple locations. Although the SNPs represented by the multi-aligned sequences cannot be easily classified as false positive (FP) they are dubious at best. If both sequences from a pair align unambiguously to the reference, we compare their alignment positions and easily identify FP calls wherever the two contigs align to distinct locations in the reference genome. Table 2 ).
192
To provide an estimate of the specificity of the calls we have aligned pairs of postulated wild-type and mutant sequences to IWGSC RefSeq v1.0 assembly. In 2213 or 67% of cases, both sequences aligned to Although this approach appears to be less sensitive than LNISKS, this may be at least partly due to the Illumina pipeline were converted to FASTQ format and additional custom quality filtering was performed, 272 such that reads were trimmed if they harboured one or more base at their 3' end with a quality score ¡ looking for a dominant allele responsible for a trait we do not expect its exact sequence to be present in a 282 variety not displaying that trait. In the case of ms5 the assumption is that a mutation causing such an 283 unambiguous phenotype (as male sterility) should not be present in cultivated varieties, so the application 284 of a filter was straightforward also for this recessive mutation. Consequently, we are able to extract sets of 285 filtering k-mers from datasets such as the WGS data of 16, predominantly Australian wheat cultivars (Edwards   286   et al., 2012) . We used KMC2 to extract k-mers, k ∈ {24, 32, 40, 48, 52, 54, 56, 58, 60, 64 , 72} from each of 287 the 16 datasets. For each k we have computed a union of the 16 sets, only considering k-mers occurring at 288 least twice in a given set, k-mers occurring only once in a dataset are ignored as they are likely to arise from 289 sequencing errors in the input reads. Each set F generated this way holds from 10.2 × 10 9 to 16.8 × 10 9 290 k-mers with the corresponding KMC database occupying from 41 gigabytes for k = 24 to 338 gigabytes for 291 k = 72, or the total of 2.2 terabytes for the explored values of k. We expect that LNISKS user would only 292 need to generate a database for a single selected k value. The relations between a filtering set and the input 293 sets of k-mers for the selected value k = 54 are illustrated in Figure 5 .
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Generation of unambiguous k-mer extensions 295 We have developed a specialized tool for efficient generation of unambiguous extensions (unitigs) from sets of 296 k-mers. Our kextender exploits the fact that due to only sample-specific k-mers being present in the input, 297 the implicit De Bruijn graph consists largely, although initially not exclusively, of disconnected sub-graphs, 298 each representing a unitig. As we construct a map which stores the information from the input k-mers, we 299 ensure that this holds for all sub-graphs. For each input k-mer we store two (k − 1)-mers, each with a single 
Long unpaired seeds
Sequences above user defined length which remain unpaired are output by our pipeline and in some scenarios 385 may be of interest as these may reflect e.g. presence of larger indels or sequences highly divergent between the 386 studied datasets. In other cases this output is more likely to represent an assembly of contaminant sequences.
387

